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CROSS-COUNTRY CROSS-SURVEY DESIGN IN INTERNATIONAL MARKETING RESEARCH: THE ROLE OF INPUT DATA IN MULTIPLE IMPUTATION Abstract
Purpose -The present paper focuses on the case where -by design -one needs to impute cross-country cross-survey data (situation typical for example among multinational firms who are confronted with the need to carry out comparative marketing surveys with respondents located in several countries). Importantly, while some work demonstrates approaches for single-item direct measures, no prior research has examined the common situation in international marketing where the researcher needs to use multi-item scales of latent constructs. Our paper presents problem areas related to the choices international marketers have to make when doing cross-country / cross-survey research and provides guidance for future research.
Design/methodology/approach -Multi-country sample of real data is used as an example of cross-sample imputation (292 New Zealand exporters and 302 Finnish ones) the international entrepreneurial orientation data. Three variations of the input data are tested: A) imputation based on all the data available for the measurement model, B) imputation based on the set of items based on the invariance structure of the joint items shared across the two groups, and C) imputation based both on examination of the invariance structures of the joint items and the performance of the measurement model in the group where the full data was originally available.
Findings -Based on distribution comparisons imputation for New Zealand after completing the measurement model with Finnish data (Model C) gave the most promising results.
Consequently, using knowledge on between country measurement qualities may improve the imputation results, but this benefit comes with a downside since it simultaneously reduces the amount of data used for imputation. None of the imputation models leads to the same Research limitations / Implications -The present exploratory study suggests that there are several concerns and issues that should be taken into account when planning cross-country cross-surveys. These concerns arising from current study lead us to question the appropriateness of the cross-country cross-survey approach in general although in general advantages exist. Further research is needed to find the best methods.
Originality / value -The combination of cross-country and cross-survey approaches is novel to international marketing, and it is not known how the different procedures utilized in imputation affect the results and their validity and reliability. We demonstrate the consequences of the various imputation strategy choices taken by using a real example of a two-country sample.
Our exploration may have significant implications to international marketing researchers and the paper offers stimulus for further research in the area. is increasing interest and activity among both academics and practitioners around conducting research in multi-country settings (Douglas and Craig, 2006; He et al., 2008) . However, multicountry research designs should not be thought of as a simple extension of existing singlecountry research. Rather, there are significant practical and technical difficulties regarding cross-country research that must be dealt with. For example, in a practical sense, data collection costs are likely to be higher due to issues like questionnaire translation and backtranslation procedures. From a technical standpoint, significant analytic and research design issues have emerged in the last two decades regarding the challenges of drawing meaningful conclusions from multi-country data (e.g. Steenkamp and Baumgartner, 1998; Oliveira, Cadogan, and Souchon, 2012; Franke and Richey, 2010) .
Thanks to research such as that cited above, researchers should be aware of many of the key complications that researchers face in conducting multi-country research. However, underlying these problems "are more subtle issues that threaten the integrity of research" (Douglas and Craig, 2006, p.1) . In the present paper, we attempt to address one subset of these more subtle issues; the use of multiple imputation methods in cross-country research, in the situation where individual samples have been taken from multiple countries. We explore and describe a number of different approaches to how this imputation can be done and discuss the consequences of the choices an international marketing researcher can make when designing his/her survey study. The starting point in our exploration is a cross-country / cross-survey approach. In such a case, multiple samples are taken (i.e. cross-country), but each sample only has a subset of items in common with the others (i.e. cross-survey). Cross-country research is already well established, and cross-survey research has also received attention in marketing. However, the combination of these two approaches is novel to international marketing, and although it may have the potential to help ameliorate a number of key problems While there is an array of diverse methods available to international business researchers (e.g.
experiments, secondary data studies, qualitative ethnographic work, and so on) it seems that international business and marketing research commonly employs survey-based methods. For example, Chang et al. (2010) As such, like all survey research, international marketing faces significant issues of low sample sizes, compounded by low and falling response rates, potentially leading to serious bias in research results. A key cause of low response rates is the questionnaire length, which has been shown to affect the quality of the data collected in several ways (Berdie, 1989; Herzog and Bachman, 1980; Adams and Darwin, 1982; Dillman et al., 1993; Roszkowski and Bean, 1990) . As well as potentially increasing nonresponse bias, low response rates are problematic as they may result in a loss of power to detect effects, due to a resulting inadequate sample size, and inaccurate effect size estimation. Small samples also limit our chances of testing larger and/or more complex models (such as models with interaction terms, or other non-linear relationships). Further, where this is important, low response rates may play havoc with the representativeness of a sample. All these problems create issues with testing, validity, reliability, international comparative work, and generalization.
While questionnaire length is an issue for all research designs that use questionnaires, it is of special concern for researchers dealing with cross-country data. This concern arises in part from the cross-sample invariance requirements that are inherent to cross-country studies (Steenkamp and Baumgartner, 1998) . In contemporary times, many journals have correctly adopted stringent policies on such issues (c.f. He et al., 2008) , and require extensive evidence for the invariance of measures across samples, before any claims regarding cross-sample differences or similarities can be made. However, establishing cross-cultural invariance is Jong et al., 2007) and it is rare for researchers to achieve total invariance of all measures. Of course, given the standard procedures for achieving full or partial invariance in multi-item measures, the process is much more likely to be successful if measures originally contain a relatively large (over 7 or 8) number of items. However, this consideration is somewhat at odds with the need to keep questionnaire length to the minimum -particularly where complex models are being examined.
Given these issues, it is clear that scholars need to find ways to increase both response rates and in turn ultimate sample sizes, in cross-national research situations. One way of doing this is to explore the use of planned missing data designs (e.g. see Enders, 2010; Graham et al., 2006 for introductory general reviews), like cross-survey design, sub-sampling, split questionnaire design, or data fusion. However, while such approaches look to be especially attractive for scholars conducting cross-country studies, there is little advice in the extant literature on how to deal with cross-survey / cross-country data, which (by design) contain a significant amount of missing data. Littvay (2009) has provided some general advice however, particularly concerning cross-survey sampling design issues. Further, the latter makes key recommendations concerning different missing data patterns that can be used.
However, cross-country studies bring forth an additional dimension to cross-survey designs.
Specifically, in international marketing research, it is assumed that in cross-country research, country-specific samples represent the same population and are thus drawn from the common universe (Rendall et al., 2013) . This assumption needs to be carefully studied prior to data collection. In addition, measurement invariance issues are of high importance when crosscountry data is analyzed. Measurement invariance is a critical concept in any research context where multiple groups are sampled, and such situations are more common than many researchers may realise. For example, many surveys can be divided into distinct groups (e.g.
gender, education status, job type), and the researcher must be certain that such groups are unlikely to exhibit measurement variance if they wish to consider the sample as a single pool.
In the present study, we restrict ourselves to discussing the case of cross-national research, since it is within international marketing and business research that issues of measurement invariance have been most thoroughly covered. However, the key concepts and techniques we F o r P e e r R e v i e w present here are in principle applicable to many other research contexts, and all researchers would be advised to take these issues into account.
Typically, measurement invariance is approached during the measurement validation phase of the analytical procedure (e.g. Steenkamp and Baumgartner, 1998) , and obtaining invariant measures and valid measurement models often may require significant modifications of the original measurement model. Thus, all the items collected to represent a latent variable are not necessarily used at the end in the final model. It is at this point that practices of cross-country research in terms of measurement invariance contradict practices of multiple imputation. It is generally recommended that when imputing data, all the relevant data should be used at the imputation phase (Reiter et al., 2006; Schafer and Graham, 2001) . However, in cross-national research contexts, it is often difficult to know which items will be included in the final model, as the measurement model might need some modifications to ensure the invariance of measures across the groups (or countries). Unfortunately, existing research has no advice currently on how to address such issues in cross-country cross-survey designs. In other words, for example, are the outcomes of multiple imputation methods dependent on the level of invariance of the input variables, or more broadly stated: how does the input data affect the results of multiple imputation in cross-country research?
Purpose of the article
In the present paper, we focus on the case where -by design -one needs to impute crosscountry cross-survey data (a situation typical among, for example multinational firms who are confronted with the need to carry out comparative marketing surveys with respondents located in several countries), and where the researcher also wishes to use multi-item scales of latent constructs. Importantly, while some work demonstrates approaches for single-item direct measures, no prior research has examined the common situation in international marketing
where the researcher needs to use multi-item scales of latent constructs. In such cases, crosssample invariance is also a critical consideration, and no prior work is able to advise 
Fundamentals of missing data and multiple imputation
In general, missing data is a serious problem for researchers. That said, researchers have typically shown greater concern for data that is missing unintentionally, for example due to respondents' reluctance to provide answers to sensitive issues (e.g. Gottschall et al., 2012) .
However, there exist cases where data can be missing intentionally, for example in situations where researchers would like to combine two independently administered data sets (like in split questionnaire designs, in sub-sampling, or data fusion), or due to other reasons irrespective from the respondents.
Combining the two data sets is rather straightforward and easy, but the problem arises as we look at the merged data, as it has a lot of empty cells due to the differences in the original data sets. These missing values have two major negative effects: they have a negative effect on performance data on publicly listed companies. The majority of family owned firms are not, however, publicly listed, which means that performance data for these companies are missing.
Thus, the probability of missing performance data is systematically related to values of ownership data but unrelated to hypothetical values that are missing, which qualifies as MAR.
According to Olinsky et al. (2003) , many multiple imputation methods assume that pattern of (Little, 1988; Olinsky et al., 2003) . MCAR missingness also satisfies assumptions for imputing missing values. Thus, MCAR and MAR missingness patterns satisfy the conditions of using multiple imputation methods.
According to Rendall et al. (2013) , cross-survey missingness is monotonic and easily satisfies the MAR assumption needed for unbiased multiple imputation. For example, if two surveys, Survey 1 with fewer variables (X1, X2 and X3) and Survey 2 with more variables (X1, X2, X3, X4, and X5) are collected separately and combined. In the matched data the probability of missing values for X4 and X5 are related to the survey from which the observation was collected (because the questions were not presented), and not to the hypothetical values that are missing. This satisfies MAR assumption, if the surveys sample from a common universe using invariant instruments. So MAR describes systematic missingness. MCAR data may also be a purposeful due to the research design (Fichman and Cummings, 2003) -like due to split questionnaire design. For example, when researcher creates two versions of the questionnaire, where Questionnaire 1 measures set of variables (X1, X2, X3, and X4) and Questionnaire 2 measures another set of variables (X1, X2, X3, and X5), and randomly assigns these questionnaires to respondents. The probabilities of missing data for X4, and X5 are unrelated to any of the variables in the dataset. The missing-by-design structure of the pooled observations used in cross-survey imputations implies that missingness has a monotone rather than arbitrary pattern (Rubin, 1987) .
Dealing with missing data
Many different missing data replacement procedures exist (c.f. e.g. Rubin (1986) and Tsikriktsis (2005) for a comparison), such as listwise deletion, maximum likelihood (ML) methods, expectation maximization (EM), and multiple imputation (MI). Multiple imputation has emerged as a flexible alternative to likelihood methods for a wide variety of missing-data problems (Schafer and Graham, 2002 ) (see Rubin, 1996; Schafer, 1997 for a review). We do not claim to review and compare all different missing data procedures, and refer readers to Our approach is dedicated to the specific needs of international marketers by exploiting an existing method for dealing with the missing data allowing the further use of standard analyses methods, like structural equation modeling or other multivariate analysis methods.
Multiple imputation methods for dealing with missing items
Multiple imputation (MI) is a common method to deal with missing data problems (Honaker and King, 2010) . MI methods have been developed primarily for imputation from complete cases to incomplete cases in the same survey ("within-survey MI") but have been applied also in a cross-survey manner (Rendall et al., 2013) . Multiple imputation is attractive as it works in conjunction with standard software allowing researchers to carry out analyses using SAS, LISREL, or virtually any other statistical package (Schafer and Olsen, 1998) , and is thus used here as currently multivariate methods and structural equation modeling is often applied in international marketing research.
The typical multiple imputation process consists of three steps: imputing the data, analyzing the data and pooling the results (Baraldi and Enders, 2010) . During the imputing phase several copies of the data set are created, each containing different imputed values. Multiple imputation is based on replacing each missing value by a list of m > 1 simulated values (Schafer and Graham, 2002) , thus, creating new imputed data sets. In each of these data sets,
the observed values are the same, and the imputations vary depending on the estimated uncertainty in predicting each missing value (Honaker and King, 2010) . The results are then combined in specific ways for analysis purposes (Rubin, 1987; Schafer, 1997) . This is followed by the analysis phase based on the pooled estimates. However, things are much more complicated with cross-survey data consisting of multi-item latent variables collected from different samples (or groups, like countries) and analyzed using structural equation modeling. For example, it has been proposed that multiple imputed data sets can be analyzed in SEM programs using the multiple group approach (Verleye, 1997).
Special features of cross-country cross-survey designs
Unfortunately, the multi-group approach for MI often becomes impossible in the international marketing context, because of the multi-group approach also required by cross-country data.
In addition, in cross-country studies several aspects of invariance need to be dealt with (Malhotra et al., 1996) , like sampling invariance before the data collection phase, and measurement invariance during the analyses phase of the data. Below, we expand on the various issues of concern here. Pooled-survey studies simply assume that samples are invariant, but the issue is not actually studied. However, recently Rendall et al. (2013) have raised concerns about this assumption.
Different ways to deal with a lack of invariance already exist in single country study contexts.
One way to deal with the contextual survey differences includes hierarchical modeling and parameterization (Gelman et al., 1998; Tighe et al., 2010) . This approach is, however, not appropriate for cross-survey cases with data a small number of countries, as the method depends on pooling a sufficient number of surveys (e.g. in Gelman et al. (1998) the number of surveys used in the parameterization was 51) to allow for a parameterization of model parameter variability across the studies (Rendall et al., 2013) . This problem has been addressed by Schenker et al. (2010) but as pointed out by Rendall et al. (2013) the proposed method of subdividing surveys' samples into subgroups is also problematic. Rendall et al. (2013) propose a pooled cross-survey MI method, which is preceded by a model-fitting approach to evaluate the reasonableness of the assumption that surveys are independent realizations of the same population. However, whether or not the issue of a limited number of cases at the country level can be addressed, the methods suggested by Rendall et al. (2013) and Schenker et al. (2010) can provide only limited help to international marketing researchers. Thus, international marketing scholars should pay special attention to sampling invariance, and make sure that if a cross-survey cross-country design is applied, the country samples should represent the same population. It seems to be a common practice in single group cross-survey research to assume that survey instruments are invariant. Such an assumption is often considered reasonable in single-country research settings (although see Rendall et al. (2013) , for a divergent view).
However, recent literature has faced challenges while trying to account for potential violations of the assumption of invariance into the multiple imputation analyses (see e.g. Reiter et al., 2006; von Hippel, 2007; Schenker et al., 2010) . Even so, whether or not it is considered safe to ignore the issue of invariance within a single country, it is undeniable that one cannot ignore it in cross-national research settings.
A key issue in this context is measurement invariance, which refers to "whether or not, under different conditions of observing and studying phenomena, measurement operations yield measures of the same attribute" (Horn and McArdle, 1992, p. 117) . While measurement invariance is vital to drawing justifiable conclusions from cross-national studies (Steenkamp and Baumgartner, 1998) , it is also a relevant issue for many other types of research.
Specifically, whenever the researcher has reason to suspect that the various groups in a sample may exhibit variance, they need to consider testing for measurement invariance across the groups. In various contexts, this could include even single-country studies that incorporate multiple groups which may exhibit some variance -such as gender, education, hierarchical position in a firm (e.g. managers versus subordinates) and the like. As such, which the specifics of our work refer to the cross-national context common to international marketing and business research, the general issues we raise are relevant to many other research contexts, and researchers should take care in any possible multi-group situation.
Various types of invariance are testable, including configural, metric, scalar, factor variance, factor covariance, error covariance, and error variance. It is important to note that not all types of invariance are necessary at all times, depending on the purpose of the researcher (Steenkamp and Baumgartner, 1998) 3 . However, equally important is that invariance of some type is always necessary for robust cross-national comparisons. In particular, we note that the combining (i.e. pooling) of multiple single-country data sets into a single (larger) data set 3 It is beyond the scope of this paper to provide detailed discussion of the types of invariance that are necessary for different research objectives. Researchers are encouraged to explore the canonical work of authors such as Steenkamp and Baumgartner (1998) for such purposes. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 F o r P e e r R e v i e w requires some of the most stringent invariance testing. This is an important notion for crosssurvey studies, where the imputation is currently often done on a combined data set. However, as De Jong et al. (2007) note obtaining cross-cultural invariance is often challenging, and researchers need often accept partial invariances (Steenkamp and Baumgartner, 1998) . The further from 'full' invariance one gets, the more cautious researchers need to be regarding the strength of the conclusions they can draw across countries, although this is rarely explicitly addressed in research. Unfortunately, partial invariance is often the best we can achieve. On the other hand, cross-survey designs can increase the likelihood of full invariance, because they have the potential to allow greater sample sizes, and greater questionnaire lengths.
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Given the challenges discussed above, this paper focuses on exploring the performance of different approaches using multiple imputation procedure for cross-country cross-survey data.
By different approaches it is referred to a usage of different input data in multiple imputations.
In the first case (Model A), the imputation is based on all the data available for the measurement model of five latent variables. In the second case (Model B), the multiple imputation is based on a more coherent set of items based on the invariance structure of the joint items shared across the two groups (i.e. countries here). Whereas the third case (Model C) is based on even more limited approach, and the items used in multiple imputation are based both on examination of the invariance structures of the joint items and the performance of the measurement model in the group where the full data was originally available. Several different outcomes are then assessed in order to determine which of the approaches would provide the most reliable imputed data: comparison of imputed means and standard deviations, proportional differences (the bias) in means and standard deviations, bias in distributions, standardized loadings in CFA, correlations of latent variables
An illustrative application of multiple imputation to cross-country research

Overview of the study
To demonstrate our method, we use a two-country data set of constructs relating to international entrepreneurial-orientation (IEO, e.g. Sundqvist et al., 2012) . The choice of IEO as our focal issue is driven simply by data availability, and thus, we do not necessarily aim to make any contribution to the EO field specifically. As such, significant discussion of conceptual and operational issues regarding EO is beyond our scope, as is a full review of prior EO work.
Nevertheless, it is useful to know that EO has some limited history of cross-national research.
One of the first tests in this regard was conducted by Knight (1997) between English and
French speaking Canadian managers, using an eight-item scale based on Covin and Slevin (1989) . While invariance was not explored, Knight (1997) 
The Measures and data used
We use a multi-country sample of real data as an example of cross-sample imputation, consisting of 292 exporting firms from New Zealand and 302 from Finland. It is important to note that our use of a single empirical example is intended as an illustration of the issues involved in cross-national / cross-survey imputation, rather than as an authoritative examination of the extent to which variance induces bias, and the different methods of dealing with it (which would require a simulation study). We used a set of constructs designed to capture concepts related to IEO. Autonomy (AUTO) and competitive aggressiveness (COMP)
were measured with 7-point Likert scales, varying from complete disagreement to complete 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 Originally the datasets included complete information on all variables under study, but were subsequently modified in order to demonstrate our imputation procedure. For creating the hypothetical situation of completely missing variables in one country, the items representing competitive aggressiveness and autonomy were deleted from the New Zealand data. The Finnish data with 302 responses included full data for all the variables.
Imputation procedure and data preparation
The multiple imputation procedure was conducted using SAS 9.3 software. The imputation procedure followed the Markov Chain Monte Carlo (MCMC) method (see Schafer, 1997) .
MCMC has been found to provide valid imputed values for cross-sectional missing data (Schunk, 2006; Shrive et al., 2006; Ziegelmeyer. 2013) . Following Honaker and King (2010) the first step is to bootstrap the concatenated data set to create m versions of the incomplete data, where m ranges typically from 3 to 5 as in other multiple imputation approaches.
Bootstrap resampling involves taking a sample of size n with replacement from the original dataset. Here, the m bootstrap samples of size n are obtained from the concatenated file, where n is the total sample size of the file. Second, for each bootstrapped data set, the EM (Expectation Maximization) algorithm is run. The further analyses also apply LISREL software for invariance testing and confirmatory factor analyses.
Before imputing the missing values, careful look was taken at the descriptive information of the variables and their histograms. The two items related to autonomy were heavily skewed on the right and therefore the distributions were corrected by taking a logarithm of the items, because the chosen imputation method tends to correct the distribution towards normality (see Schafer, 1997; Schafer and Olsen, 1998) . Additional specifications were made beforehand to the imputation procedure. As competitive aggressiveness was measured with a seven-point Likert scale, the requested specifications included a minimum of one and maximum of seven. In addition, a request was made for zero rounding. Both these specifications ensure the imputed data conforms to the existing data structure. Similarly, the autonomy items that were log transformed, had their minimum set at zero (ln1) and maximum fixed to 1.95 (ln7). For the imputation process only those variables were used that were included in the measurement model. Running the MCMC method for multiple imputation produced five imputed datasets.
Because the logarithm was used for the autonomy variables, transformation to original scale was conducted before further analysis of the results. This was done with exponent function and rounding the values to the whole number.
Model A: Imputing all missing variables for New Zealand with all measurement items
A hypothetical situation is created in a following manner. A researcher has collected good data from Finland, including four items to measure competitive aggressiveness and four items reflecting autonomy. Additionally, concepts of innovativeness, proactiveness and risk taking each have three measurement items. Another researcher has collected data from New
Zealand, but only measuring innovativeness, proactiveness, and risk taking (using the same items as in Finland), and missing out competitive aggressiveness and autonomy by design (perhaps to shorten the questionnaire). For joining the datasets (for instance for comparative purposes), imputation is used as tool for estimating values for the missing items in New
Zealand data. The starting point for this type of case is illustrated in Figure 1 . The MCMC imputation procedure produced, as requested, five imputed datasets. The correction related to the skewness of items reflecting autonomy was taken into account beforehand. For the Finnish data, a logarithmic transform was computed and these variables were used in the imputation. Afterwards, the original scale was retrieved using the exponent function and rounding the values to match the original scale. The imputed data was evaluated by comparing the imputed means and standard deviations obtained with imputation to the indicators computed from the original New Zealand data. Here, it must be remembered that we removed the New Zealand data for the purposes of this imputation, and are in fact in possession therefore of the 'real' data on competitive aggressiveness, and autonomy from New Zealand. The overall imputed mean and standard deviation were computed from all the imputed data. A proportional difference is used for illustrating the "success" of imputation. As can be seen, the differences in the means of items measuring competitive aggressiveness were mainly less than five percent. However, the difference in the standard deviations was not very consistent. This is also the case for autonomy. The difference in standard deviation varies, and also there is variation in the mean differences (see Table 1 ). For additional precision, the original and imputed distributions of the New Zealand data were compared with a Kolmogorov-Smirnov test for equal distributions (Gibbons and Chakraborti, 1992) . Table 2 presents the results of analysis. As can be seen, only two items (comp2 and auto3) provided similar distribution between imputed and original data. 
Model B: Imputation for New Zealand based on invariant joint measurement items
As could be seen from the comparison results of Model A, the imputation performed purely based on generally accepted measures was not very accurate. In order to get more precise estimates for imputed values, the three concepts common to the data sets (innovativeness, proactiveness, and risk taking) were first analyzed for measurement invariance. Each of the three concepts was assessed for configural invariance, metric invariance and factor variance invariance, with the results presented in Table 3 . The steps of invariance were analyzed using the deterioration of the model in terms of changes in chi-square (e.g. Jöreskog, 1971 ). The results indicate that some deterioration occurred during the invariance analysis, but the changes in chi-square were insignificant. The invariance analysis of innovativeness, proactiveness and risk taking revealed that all the items measuring innovativeness were invariant across countries while proactiveness as well as risk taking were invariant with two measurement items for each concept. Therefore, the next demonstration of imputation is based only on the items that reached measurement invariance ( Figure 2) . In other words, we replicate the situation where the researcher tests for measurement invariance amongst the common construct measures before imputing data across countries for the other measures of latent constructs. Using three items of innovativeness, two items of proactiveness and two of risk taking, the multiple imputation was conducted in similar manner as presented above. Five data sets were created and the results were analyzed in terms of means, standard deviations and equality of distributions. The means of the imputed items were on the same level as in Model A (Table 4 ).
The standard deviations however were more divergent from original data than in the previous model. Although the distribution of items covering autonomy were transformed with logarithm before imputation, the imputation failed for the first autonomy item and the estimated mean had a high proportional difference compared to the original mean. That said, the distributions resulting after imputation fit better to the original data ( 
Model C: Imputation for New Zealand after completing the measurement model with Finnish data
Based on the two trials presented above, there still remains a need to improve the estimates provided with imputation. As such, for a third trial, we developed the full measurement model for five concepts using the Finnish data, with confirmatory factor analysis, as well as only using the invariant items for the common latent construct measures. As a result, a number of items were dropped from the measurement model. Two items remained in the measure of competitive aggressiveness and two in the measure of autonomy. Changes were also made for proactiveness and risk taking; for both, one item was dropped from the measurement model. Considering the goodness of fit statistics for the model (Χ 2 =57.38 (p=.010), df=34, RMSEA=.046, GFI=.995, AGFI=.990, NFI=.979, NNFI=.986), it can be concluded that the measurement model has a rather good fit to the data (see e.g. Hair et al., 1998; Hayduk, 1989; Kelloway, 1998) . The results of the model also suggested a good level of reliability, as the composite reliability coefficient exceeded the critical value of .70 and coefficient describing average variance extracted exceeds the value of .50 for all the concepts (e.g. Fornell and Larcker, 1981) . The last imputation model is illustrated in Figure 3 . 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 F o r P e e r R e v i e w Table 6 includes the comparison of imputed means and standard deviations. This model succeeded rather well concerning the item means. The proportional difference for all items was less than five percent. Additionally, the difference related standard deviations is also much smaller than in the previous two models. However, there is still a lot of error in the standard deviations related to items measuring autonomy. Finally, the evaluation related to the equality of distributions is promising. This model retrieved distribution equality for three out of four items. Only the second item of competitive aggressiveness had a distribution that differed from original. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Comparison of measurement models and inferences about latent constructs
Next, we compared the three imputation models (Models A, B, and C) in terms of how the measurement model of latent constructs corresponded with the original full data results in New Zealand. For these comparisons we used a confirmatory factor analysis model with 'best' measurement invariance that we could reach with original full data sets.
This same invariant CFA model was estimated for Models A, B and C. The procedure for these analyses was the following:
1. Calculation of measurement item means, variances and covariances for all five imputed datasets for Models A, B, and C.
Combination of means, variances and covariances of the five imputed datasets for
Models A, B, and C. For this combination, we averaged the five estimates into single estimate with arithmetic mean.
3. Conducting multi-group CFA for Finnish and NZ imputed (and combined) data with the same model specifications than with original full data. The standardized loadings for measurement items and correlations between latent constructs are presented in Table 8 . We can see some differences in the standardized estimates between different imputation models. The measure loadings for Comp -items are relatively similar between imputation models and Original full data, but for Auto the Model A seems to outperform Models B and C. We can observe differences in the correlations as well.
In order to explore which of the imputation models' standardized loadings and correlations are closest to original full data estimates, we calculated deviances (see Table 9 ). These deviances were calculated by subtracting the estimate of full original data from estimate of imputed data (e.g. deviance for Model A correlation between Auto and Comp is -0.050 -(-0.041) = -0.009).
In Table 9 , the smallest deviances are bolded. It seems that in terms of measure loadings, the Model A has the closest estimates for Auto and Model B for Comp. In terms of correlations the results are more mixed, although Model C has highest number of closest estimates. Table 9 . Deviations of loadings and correlations between original full data and imputed data. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 Table 10 ). The estimated loadings of all Models A, B, and C were significant at p = 0.05 (cut-off limit 1.96), which corresponds with the results of original full New Zealand data. Again, we also calculated the deviance between imputed data models and original full New Zealand data model (see Table 11 ). As was shown with standardized loadings before, Model A provided closest estimates for Auto and Model B for Comp, whereas the deviations were largest in Model C. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 F o r P e e r R e v i e w
The same comparison was done for covariances between latent constructs and corresponding standard errors and t-values (Table 12 ). In these comparisons differences in the statistical inferences regarding covariances can be observed. The covariance between Auto and Pro is negative and significant (p = 0.05, cut-off limit 1.96) in the original New Zealand data, but
Model B fails to reject the null hypothesis. Also the covariance between Auto and Inno is negative and significant at p = 0.05 in the original data, but all of the Models fail to reject null hypothesis at p = 0.05. However, Model C is the closest since the negative covariance is significant at p = 0.10 (cut-off limit 1.65). The covariance between Auto and Risk is negative and significant (p = 0.05) in the original full data, but all Models fail to reject null hypothesis. Again, we calculated deviances from original full New Zealand data for results of different models (see Table 13 ). These deviances were calculated by subtracting the estimate of full original data from estimate of imputed data (e.g. deviance for Model A covariance between Auto and Comp is -0.044 -(-0.089) = 0.045). In terms of covariance estimates, the Model C has 6 closest estimates (Model A has 2 closest estimates and Model B has 1 closest 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 Overall, it seems that the results obtained by using Model C are closest to the results with original full New Zealand data. The accuracy of the measurement loading estimates was not the best with this imputation method, but the estimated covariances between latent constructs were the most accurate with Model C, which lead also to most accurate inferences about statistical significance of these covariances. However, although Model C provides the most promising results, none of the imputation models leads to the same statistical inferences about covariances between latent constructs as the original full data. 
Discussion
The benefits of cross-survey MI are potentially very large (Rendall et al., 2013) . Split questionnaire designs and multiple imputation techniques provide enormous possibilities for researchers, and support development of cross-country research networks. Currently it is obvious that survey based research is conducted globally in different research fields, even by researchers with similar interests (e.g. strategy, marketing, and information systems researchers often examine similar issues in slightly differing ways). Conducting cross-country comparisons by merging the collected data, and complementing the missing elements with cross-survey MI theoretically makes it possible to maximize the output and effort placed on data collection. In some countries where extensive mail surveys tend not gain a good response rate it could be possible, for example, to collect full questionnaires via interviews from a smaller pool of respondents and then use split questionnaires and MI to gain a larger N.
However, based on our study (albeit a single exploratory example), there still exist several serious issues that need to be examined before such an approach can be recommended.
While it is impossible to draw authoritative conclusions without the use of a simulation study, the findings of our research still provide important first steps towards a greater understanding of the impact of cross-group measurement variance in situations where imputation is needed.
Such issues are highly relevant not only to international marketing, but also to many other social science contexts. Indeed, we agree that accounting for differences in survey sampling and measurement characteristics across the multiple surveys is a considerable barrier to the successful implementation of cross-survey MI in the social sciences (Rendall et al., 2013) .
In this paper we explored the performance of MI in the type of cross-country cross-survey setting often relevant for international marketing research. As a starting point we had complete data on 5 constructs measured with 17 measurement items (Comp with 4 items, Aut with 4 items, Inno with 3 items, Pro with 3 items, Risk with 3 items) from one country (Finland), and we had missing data on 2 of these constructs (Comp and Aut), i.e. 8 missing measurement items from another country (New Zealand). This missingness was created by removing data from the New Zealand data set, to simulate a typical 'missing by design' situation, and allow us to compare the various imputation methods with the real data. We explored how the missing data could be imputed using data from both countries with three different imputation methods.
The first imputation method (Model A) used all existing data from both countries to impute the missing 8 measurement items. The ratios of imputed data to used data is 8/9 within New Zealand (8 imputed NZ variables, 9 measured NZ variables used for imputation) and 8/17
between New Zealand and Finland (8 imputed NZ variables, 17 measured FIN variables used for imputation). In this first method, there was no information on the cross-country quality of the measurement items. The second method (Model B) was based on assessing measure invariance before imputation. We used only the invariant measurement items of Inno, Pro and
Risk for imputing all of the missing 8 variables. While this method uses between country knowledge on measurement quality, it simultaneously increases the ratios of imputed data to used data to 8/7 within New Zealand and 8/15 between Finland and New Zealand.
The third method (Model C) was based on reducing the number of imputed variables using within country information from Finland. Confirmatory factor analysis with Finnish data revealed that 2 measures qualify for measuring Comp and 2 measurement items for measuring Aut. Based on this analysis, we decided to impute only these measurement items into New Zealand data. This analysis enhanced the ratios of imputed data to used data into 4/7
within New Zealand and 4/11 between New Zealand and Finland.
The comparison of results revealed that the third method (Model C) provided the most accurate estimates and inferences about the constructs. Our interpretation of the findings is that using knowledge on between country measurement qualities may improve the imputation results. However, this benefit comes with a downside, since it simultaneously reduces the amount of data used for imputation. The second imputation method (Model B), performed quite poorly, probably because of the large ratios of imputed data to used data.
Even without the use of a simulation study, our results show that cross-country, cross-survey data has unique challenges, and that there is a likelihood of ending up with erroneous data, unreliable measures and incorrect conclusions about the relationships between the focal concepts of interest if these issues are not taken into consideration. The three methods of dealing with missingness that we explored all resulted in different outcomes, and while each F o r P e e r R e v i e w method had certain strengths, none of them could replicate the original data structure particularly well. This is a highly striking result, which indicates the need for further studies on the topic.
In addition to just comparing the distributions of the imputed data, we also compared the inferences on covariances between constructs. We examined 7 covariances between latent constructs, and the baseline results (i.e. those using the original full New Zealand data) were:
-one non-significant (Auto and Comp), -3 significant positive covariances (Comp with Pro, Inno, and Risk), -3 significant negative (Auto with Pro, Inno, and Risk) covariances. The present study appears to be this first to investigate the issue of measurement variance when conducting multiple imputation in a cross-group/cross-survey framework. As such, our study's conclusions should necessarily be taken as exploratory. However, even so, they highlight several concerns and issues that should be taken into account when planning crosscountry cross-surveys (or more general split-questionnaire or sub-sampling designs), and will hopefully spur greater attention to be given to this issue in future research within international marketing and business, and social science more generally. Even if there are several advantages available for well-implemented cross-country cross-survey (CCCS) designs such as shorter questionnaires and improved response rates, the concerns pointed out in this paper lead us to question the appropriateness of the CCCS approach in general, due to the need to impute across the samples. In particular, the latter is problematic since, in cross-country studies, the samples may not be justifiably assumed to be drawn from the same population, and there might also be contextual differences (variances) across the samples, creating biases in imputation results. Further, if the CCCS approach is not appropriate for cross-country studies, how should missing data patterns be designed for cross-country studies to take advantage of the potential of the method in expanding research potentials and statistical power (c.f. Littvay (2009) for single country solution). While we look at this issue in the specific context of international marketing, it is highly relevant to all social science situations where cross-group measurement invariance may be in question.
Conclusions, recommendations, and future research
Current practice appears to be to use the imputed data for analysis through a pooling method proposed by Rubin (1987) . In general, if for instance a regression model is created with imputed data, all the variables in the model are used as a basis for imputation. However, our results here may question that approach, and for cross-country cases the applicability of such a method is still uncertain. 4 Further discussion related to measurement reliability after imputation can be found from van Buuren (2010), who also conducted an imputation simulation using only items that belonged to the measurement model. In other words, right now, it is far from certain that researchers have solid advice on exactly which items to use when imputing in cross-national contexts. It is therefore vital that systematic simulation International Marketing Review Even without simulation data though, our analyses suggest that it is important to some extent to evaluate the item distributions before imputation. The imputation example here was based on an assumption that the distributions were of the same shape. Naturally, in this case, this assumption was easily confirmed by looking at the real data (an option obviously unavailable in real situations). In cross-country surveys conducted with separate questionnaires, the planned missingness should thus be based on strong foreknowledge with a measurement model that has at least been verified in the research field of interest. Besides cross-country research, these same issues are essential if cross-survey designs are utilized for instance in cross-group consumer research. However, future simulation work should investigate in more depth the issue uncovered by our examination of the covariances amongst constructs across the different estimation methods. In particular, it is not clear yet whether accuracy of various imputation methods in replicating / retrieving the correct distribution shape of measurement items is a good indicator of whether inferences made of the relationships between latent constructs are likely to be correct. This should be a key area for future researchers.
Cross-survey designs may offer additional value for marketing scholars as they may help researchers in dealing with method biases. Podsakoff et al. (2003) suggest the use of measurement separation between related questions to minimize bias (item context effects, which refers to any influence on a question item due to its relation to the other items making up a survey (Wainer and Kiely, 1987; Tourangeau et al., 2000) , like item priming effects (Podsakoff et al., 2003) . Ostroff et al. (2002) show that the individual level method bias can result in aggregate level bias, and suggest also the use of a split-sample design to conduct cross-level and multilevel studies. Although many important issues remain for future research, to the best of our knowledge, this is the first article in the international marketing literature that 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 F o r P e e r R e v i e w addresses the issues of cross-survey MI in the cross-country research context. As the use of cross-survey MI may be viewed as the norm rather than the exception in social science analysis (Rendall et al., 2013) in the future, we hope to encourage international marketing scholars in considering such designs. However, the present paper shows there is much yet to be learned about how best to incorporate such designs and until conclusive simulation evidence is available, researchers should be cautions in using cross-survey MI designs where they are not assured of invariant measures (which may be a more common situation than many researchers assume). 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   F  o  r  P  e  e  r  R  e  v  i  e  w 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   F  o  r  P  e  e  r  R  e  v  i  e  w International Marketing Review   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 
